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What do Statisticians Do?What do Statisticians Do?
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What is a Model?What is a Model?

What does it look 

like? How does it work?

Representational Functional
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Reality

“All models are wrong.  We make tentative assumptions about the real world 

which we know are false but which we believe may be useful.”- George Box 1976

What are Spatial StatisticsWhat are Spatial Statistics

Data Model

Representational

What does it look 
like?

Points

Lines

Polygons

Probability Model

Lack of Fit

What don’t we 
understand?

θn, θs, θr

Scientific Model

Functional

How does it work?

Modeling ModelingModeling

InferenceInferenceInference
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NotationNotation

Z(s)
D • D is the spatial domain 

or area of interest

• s contains the spatial 

coordinates

• Z is a value located at 

the spatial coordinates
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Types of Spatial DataTypes of Spatial Data

{Z(s): s ∈ D}

• Geostatistical Data: Z
random; D fixed, infinite, 
continuous

• Lattice Data: Z random; D
fixed, finite, (ir)regular grid

• Point Pattern Data: Z ≡ 1; 
D random, finite

Z(s)
D
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Examples of Geostatistical DataExamples of Geostatistical Data

Ozone Predictions Average Snow Depth
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Examples of Lattice DataExamples of Lattice Data

23 1 2 4

5 5 1 4 4

5 1 3 4 4

3 1 5 2 3

5 2 3 1 2

Transformed SIDS rates
Plots in a Designed 

Experiment
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Examples of Point PatternsExamples of Point Patterns

Arctic Caribou Calving 
Locations

x

y

Lansing Woods Hickory 

Locations
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Statistical ModelsStatistical Models
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Nonlinear Model
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•Description of data
•Property of a stochastic process
•Model for a stochastic process
•Statistic
•Function in Fourier analysis

Five Meanings of 
Autocorrelation

Five Meanings of 
Autocorrelation
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Four Meanings of AutocorrelationFour Meanings of Autocorrelation
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Autocorrelation ModelsAutocorrelation Models
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AutocorrelationAutocorrelation
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Try it!  F9Try it!  F9
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0

Z(1) ~ N(µµµµ,1)

1 2 3 4 5

0

1 2 3 4 5

Z(i) ~ N(µµµµ,1), i.i.d.
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Why Spatial Statistics?Why Spatial Statistics?

Z(i > 1) = Z(1)
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Fits vs. PredictionFits vs. Prediction
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Fit PredictionFit = Prediction

Variances different in both cases
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Estimation and PredictionEstimation and Prediction
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Prediction Estimation

• Mapping

• Sampling

• Regression

• Designed Experiments
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212221

11211ΣWhy Do We Need 
Autocorrelation Models?

Why Do We Need 
Autocorrelation Models?
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•Weighted Least Squares

• Generalized Least Squares
• Maximum Likelihood
• Restricted Maximum Likelihood
• Bayes (Markov Chain Monte Carlo MCMC)

Estimation?! Estimation?! 
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Leave it to the Statisticians!
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Pitfalls: Valid Autocorrelation 
Models

Pitfalls: Valid Autocorrelation 
Models
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Stream Network ModelsStream Network Models

SO4 ConcentrationSO4 Concentration
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Pitfalls: Valid Models for 
Stream Networks

Pitfalls: Valid Models for 
Stream Networks

Not to scale.  All lengths = 1
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Prediction - MappingPrediction - Mapping

Prediction Map Standard Error Map
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Mapping - QuantilesMapping - Quantiles
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Quantile MapsQuantile Maps
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Probability MapsProbability Maps

Prob = 0.123

Prediction = 0.080

Prediction = 0.091

Prob = 0.080

Prediction = 0.114

Prob = 0.624

Prediction = 0.114

Prob = 0.582
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• Whiptail Lizard

• 148 locations in Southern 
California

• Measured the average 
number caught in traps 
over 80 – 90 trapping 
events in one year

• Data log-transformed, one 
outlier removed

Spatial RegressionSpatial Regression
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• There were 37 explanatory variables in 5 

broad categories: vegetation layers, 

vegetation types, topographic position, soil 

types, and ant abundance

Whiptail Lizard ExampleWhiptail Lizard Example
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California Lizard DataCalifornia Lizard Data

-4.9053 to -4.4023

-4.4023 to -3.8992
-3.8992 to -3.3962

-3.3962 to -2.8931

-2.8931 to -2.3901

-2.3901 to -1.887

-1.887 to -1.3839

-1.3839 to -0.8809
-0.8809 to -0.3778

-0.3778 to 0.1251

-5
-4

-3
-2

-1
0

Boxplot of raw data

lo
g
(H

y
p

e
r)

 a
b

u
n
d

a
n

c
e

Histogram of raw data

log(Hyper) abundance

F
re

q
u

e
n

c
y

-5 -4 -3 -2 -1 0

0
5

1
0

1
5

2
0

2
5

)()var( ,

θΣεε
X

β
z

z
=+=









unobserved

observed

•Ant abundance
•Percent sandy soil

•Spherical autocorrelation
•Isotropic

Estimation: REML 
followed by GLS
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Exploratory Data Analysis on 
Residuals

Exploratory Data Analysis on 
Residuals
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Boxplot of studentized residuals
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Model DiagnosticsModel Diagnostics

• Likelihood Distance

• Cook’s D and Leverage

• Covariance Trace

Based on deleting observations

Mostly for outlier detection
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Remove Outlier and Re-fit 
Lizard Data

Remove Outlier and Re-fit 
Lizard Data

Histogram of studentized residuals

log(Hyper) abundance
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Boxplot of studentized residuals
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Cross-validationCross-validation
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Directional AutocorrelationDirectional Autocorrelation

5 Parameters Isotropy vs.

Anisotropy

36

Cross-validationCross-validation
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)ˆ(1
  

 :Bias edStandardiz )()var( ,

θΣεε
X

βz
=+=







 −

i

iobserved

Z
•Spherical autocorrelation
•Isotropic

•Spherical autocorrelation
•Anisotropic



34

37

Model SelectionModel Selection

• AIC

• AICc

• BIC

• etc.!

-2*loglikelihood + 

(Penalty for number of parameters)

Choose the model with the Minimum of these:

Be careful!  Some software uses 

2*loglikelihood – (Penalty for number of parameters), 

in which case you choose the maximum.

Can also use RMSPE and other criteria.  Why not?
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Model SelectionModel Selection
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Final Fitted ModelFinal Fitted Model
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Spatial Regression 
References

Spatial Regression 
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Glades in OzarksGlades in Ozarks
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Glades in OzarksGlades in Ozarks
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Estimation and PredictionEstimation and Prediction
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Prediction Estimation

• Mapping

• Sampling

• Regression

• Designed Experiments
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Linear ModelsLinear Models ε
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Estimating Treatment EffectsEstimating Treatment Effects
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Designed Experiment 
Experiment

Designed Experiment 
Experiment
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Designed Experiment ResultsDesigned Experiment Results
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Plots in a 
Designed 
Experiment

• Ver Hoef, J.M. and Cressie, N. 2001. 

Spatial statistics: Analysis of field 

experiments. In Scheiner, S.M. and 

Gurevitch, J. (eds.), Design and 

Analysis of Ecological Experiments, 

Second Edition, Oxford University 

Press, p. 289-307.

• Lenart, E.A., Bowyer, R.T., Ver 

Hoef, J., and Ruess, R.W.  2002.  

Climate change and caribou: effects of 

summer weather on forage.  Canadian 

Journal of Zoology 80: 664 – 678.

Designed Experiments 
References

Designed Experiments 
References
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Spatial SamplingSpatial Sampling

Moose Survey

South of 

Fairbanks

~ 4500 mi2
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Sources of RandomnessSources of Randomness
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Source of RandomnessSource of Randomness
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Sampling and GeostatisticsSampling and Geostatistics
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Simulation StudySimulation Study
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Simulation ResultsSimulation Results
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Sampling for Finite PopulationsSampling for Finite Populations
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Simulation ResultsSimulation Results
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Simulation StudySimulation Study
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Simulation ResultsSimulation Results
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##FairbanksFairbanks

Real Example – Moose SurveyReal Example – Moose Survey

649 “Highs,”

52 Sampled

338 “Lows,”

34 Sampled
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Conducting the Survey
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Conducting the Survey
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##FairbanksFairbanks

ResultsResults
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SummarySummary

• Geostatistical Methods for Sampling are 

often more precise

• Geostatistical Methods for Sampling 

allow small area estimation

• Geostatistical Methods for Sampling do 
not require randomized designs

• Geostatistical Methods require modeling
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Reality

“All models are wrong.  We make tentative assumptions about the real world 

which we know are false but which we believe may be useful.”- George Box 1976

Good Science is a Team EffortGood Science is a Team Effort

Data Model

Representational

What does it look 
like?

Points

Lines

Polygons

Probability Model

Lack of Fit

What don’t we 
understand?

θn, θs, θr

Scientific Model

Functional

How does it work?

Modeling ModelingModeling

InferenceInferenceInference
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